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Defect detection of photovoltaic cells based on improved
RT-DETR for visible images

Chen Zhihong Fan Bishuang Chen Mengyuan Zhang Hao
(School of Artificial Intelligence, Changsha University of Science and Technology, Changsha 410114, China)

Abstract: To enhance the accuracy of photovoltaic cell defect detection in complex scenarios such as multiple categories
and small targets, this paper proposes a lightweight improved model based on RT-DETR. Firstly, a lightweight dual-
path feature extraction module was designed to replace the basic module of ResNet. This not only reduced the model
parameters but also enabled the model to possess the ability of local and global feature modeling. Secondly, the multi-
head attention module in (attention-based intra-scale feature interaction, AIF]) was improved by deleting some attention
heads and performing linear transformations on the remaining attention heads to alleviate the redundancy problem in the
multi-head attention mechanism. Finally, the convolutional downsampling module in the network was replaced by a
downsampling module based on wavelet transformation to improve the problem of edge information loss during
downsampling. The experimental results show that the number of parameters of the improved model has decreased by
47.3% compared to the original model, and the computational cost has decreased by 39.7%. On the private dataset,
the improved model outperformed the baseline with increases of 2.2%, 4.1% and 2.4% in precision, recall and
mAP@50, respectively, demonstrating its effectiveness. In addition, a generalization experiment was conducted on the
public PVEL-AD dataset, where the improved model achieved an mAP@50 of 70. 6% , which is 6. 3% higher than the
baseline model, providing initial evidence of its generalization ability on unseen data.
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Fig.5 Examples of the six categories of images in the photovoltaic cell defect detection dataset
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Table 2  Ablation results of the proposed module

FEMERIR B BRI K3 P/% R/% mAP@50/% mAP@50-95/% Param/(X10°) GFLOPs FPS/fps
J 57.1 48.5 48. 2 20. 1 20. 08 58.2 93.4
NG NG 56. 8 48. 8 47.5 19. 4 11.51 35.9 82. 6
J J 58. 4 53.1 50. 1 22.2 19.78 57.2 101.0
J J 63.1 49.1 48. 8 20. 8 18. 85 55. 0 97.1
NG NG NG 59.1 50. 8 49.9 21.3 11. 62 37.2 96. 1
NG NG J 61.2  49.2 49.5 21. 0 10. 68 35.0 92.7
N/ NG N 58.4  52.3 50. 3 21.5 18.75 55. 1 98. 1
N N NG N 59.3  52.6 50. 6 21.3 10.58 35.1 95.9
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Table 4 Generalization experiment results

0
T 4 mAP@50/%
all crack finger be tl sck hd sce
RT-DETR 64.3 71. 4 97.3 98.7 80. 1 62.8 98. 4 91.9
NI 70. 6 73.3 97.2 98. 8 77.0 74.2 99.5 93.1

(a) RT-DETRA IR (b) BUERT-DETRAS IR
(a) RT-DETR detection results (b) Improved RT-DETR detection results
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Fig. 8 Comparison of visualization results from generalization experiments
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